INTRODUCTION
Many species of animals, ranging from invertebrates to birds and mammals, live in groups. Living in groups is thought to confer several adaptive benefits, such as increased foraging efficiency and protection against predators (Krause & Ruxton 2002) . While the costs and benefits of grouping are becoming increasingly clear, the mechanisms that regulate the formation and cohesion of groups are less well known. Krause & Ruxton (2002) considered exploration of these mechanisms to be a key area of future research on group living. One approach thus far has been to test aggregation models that emphasize specific rules that individuals employ for joining and for leaving groups. Different sets of rules produce different group size distributions (Cohen 1972 , Okubo 1986 , Silverman et al. 2001 ), a feature that can then be used to discriminate among candidate processes that lead to the formation and dissolution of groups.
Several models have already been used to predict the size distribution of groups that form and dissolve rapidly. In such ephemeral groups, changes in group size are not related to long-term demographic factors such as birth and death, which are more relevant to groups with stable membership across most of the year, but reflect instead responses to more direct ecological factors. Earliest tests focused on Poisson and negative binomial distributions (Cohen 1972) . In a Poisson distribution (see Appendix 1 for mathematical details), the frequency distribution of observed group sizes peaks at small group sizes and larger groups are rarely observed. With the negative binomial distribution, the variance in observed group sizes is larger and the distribution of observed group sizes is more heavily skewed to the right because larger groups are more likely to occur.
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Resale or republication not permitted without written consent of the publisher the observation that aggression usually increases with group size because of increased competition (Caraco 1979) . In contrast, the 2 models make different assumptions about the rate of arrivals to groups over time. The negative binomial model assumes that arrivals increase linearly with group size, mimicking the attraction that groups of animals have on nearby foragers (Pöysä 1992) . For instance, individuals may be attracted to groups to reduce their predation risk or to find resources more quickly (Haney et al. 1992 , Beauchamp et al. 1997 , Davoren et al. 2003 , Silverman et al. 2004 . Arrivals are independent of group size in the Poisson model, and aggregation would only reflect independent arrivals to a site whose features, such as location for instance, are attractive regardless of the number of foragers present. Support for the Poisson model has been found in some bird and monkey species (Cohen 1975 , Caraco 1980 , and support for the negative binomial model has also been found in some fish, bird and monkey species (Cohen 1972 , Wood 1985 , O'Neill & Faddy 2003 .
Other models have been considered more recently. The power law implies that individuals aggregate when they meet and that groups split at a fixed rate independent of group size (Bonabeau et al. 1999) . A key feature of the power law is that in a log-log plot, the relationship between the frequency of groups of different sizes and group size is a straight line with a negative slope, producing a scale-free parameter. The power law has been applied primarily to fish groups, but also to insects, birds and mammals (Sjoberg et al. 2000 , Jovani et al. 2008 ). The exponential model pertains to situations when both the arrival and departure rates are independent of group size and mean group size is small (Bonabeau et al. 1999 , Duerr & Dietz 2000 . This model has been applied to fish groups (Niwa 2003) . With the exponential model, the relationship between the frequency of groups of different sizes and group size is not a straight line in a log-log plot, but is straight on a log-linear plot.
The above models make quantitatively different predictions regarding the shape of group size distributions. There are 4 issues related to fitting models to group size data to discriminate among such models. The first consideration should be to compare the fit of several models with the same dataset. Many reports have only tested a single model (e.g. Bonabeau et al. 1999 , Sjoberg et al. 2000 , and it is therefore difficult to evaluate the relevance of alternative models, which may actually provide a better fit and more biological insights (Brown et al. 2002) . Second, the actual method of fitting models is also essential, since different methods produce different results. Maximum-likelihood estimation has been shown to be vastly more accurate than the ordinary least-squares method, especially when it comes to fitting exponents of the power law (Edwards 2008 , White et al. 2008 . However, such methods have not yet been applied to group size distributions. Third, comparing the fit of different models can be done using a likelihood-ratio test, to determine if one model provides a statistically better fit than another. Finally, the fit of the models should be tested statistically to determine how well predictions compare to empirical observations (Silverman et al. 2001 , Clauset et al. 2009 ). This step is important because the model with the best fit in a set may still fit the data poorly.
To address these issues, I compared theoretical predictions to empirical group size distributions in 7 seabird species of the Northwest Atlantic. Surveys in this area are conducted frequently and provide a large number of sightings to test these models. I used maximum-likelihood estimation and compared models using likelihood-ratio tests. Goodness-of-fit tests were then used to compare predicted and observed values.
Fitting a particular model to the data represents a methodological challenge, but this is more than a fitting exercise, because it can provide biological insights and help to identify ecological processes. The set of rules that underlie a particular distribution of group sizes can shed light on the mechanisms used by animals to join and leave groups. Ultimately, a better understanding of these mechanisms will be useful to evaluate the reasons why individuals live in groups.
MATERIALS AND METHODS
The Eastern Canada Seabirds at Sea (ECSAS) survey database of the Canadian Wildlife Service, Environment Canada, was used. Survey data have been collected in the Northwest Atlantic since the 1970s, but recently a more standard protocol has been used to collect group size data. Survey results from this area have been used earlier to estimate population densities and to address ecological questions (e.g. Huettmann & Diamond 2001 , 2006 .
The area covered by the surveys ranges from 40 to 60°N and 70 to 41°W. During surveys from 2006 to 2009, group sizes of flying birds and of birds on the water were gathered systematically within 300 m of the ship every 5 to 10 min. Of particular importance is the distance at which numbers of birds are gathered, since the ability to detect seabirds, especially the smaller species, is known to decline quite rapidly beyond 300 m (Barbraud & Thiebot 2009) .
In these surveys, the activities of the birds on the water have not been noted systematically; thus, it is not known if birds aggregated over food resources or were simply resting. In addition to the number of birds present, the dataset contains information about time of day and provides the geographical location of the sampling point at the beginning of each 5 to 10 min interval. Encountering a flock is quite a rare event, and most 5 to 10 min bins are empty. A flock was defined as an aggregation of 2 or more birds flying or occurring together on the water, generally within meters of one another.
The analyses were restricted to the 7 most common seabird species recorded during winter surveys, thus avoiding major fluctuations in group sizes related to breeding and migration. Sample size for other species was rather small and provided too little power for analysis. The 7 most common seabird species in the survey data were black-legged kittiwake (BLKI, Rissa tridactyla), dovekie (DOVE, Alle alle), great black-backed gull (GBBG, Larus marinus), greater shearwater (GRSH, Puffinus gravis), herring gull (HERG, Larus argentatus), northern fulmar (NOFU, Fulmarus glacialis) and thick-billed murre (TBMU, Uria lomvia).
Four different truncated models were tested using maximum-likelihood estimation. Truncation refers to the fact that groups of size zero are not recorded. These models are described in Appendix 1. Each model was fitted separately for each species and for each type of group (flying or on the water) for a total of 14 species/ group type combinations. A random effect was included in each model associated with the specific cruise. Because survey cruises differed in length and occurred at different times in the season or in different years, mean group size is expected to vary from one survey to another, and the random factor was used to model this extrinsic variability.
Maximum-likelihood estimation requires determination of the log-likelihood function for each model. The goal is essentially to determine the likelihood of a value for the unknown parameter of a model given the data. Log-likelihood functions for each model were obtained from the literature (Grogger & Carson 1991 , Clauset et al. 2009 ). For a given species/group type, the log-likelihood is calculated over all sightings, and maximum-likelihood estimation provides an estimate for each parameter underlying each model. Given that a random variable was used, the solution provides parameter estimates for each survey cruise. The procedure Nlmixed from SAS V. 9.1 was used.
To determine whether a model provided a better fit of the data than another, the 2 models that were ranked first and second in terms of raw values of Akaike's information criterion (AIC) were compared. The other 2 models were less likely, as shown below, and were not tested against the top models. The likelihood-ratio test allows one to determine if the difference between the fit of 2 models is statistically significant. A test was performed for each species and for each group type separately. The first step was to compute the difference between the log-likelihood values calculated from each model for each sighting. These log-likelihood values were obtained using the parameters fitted for each model (Table 1 ). The cumulative difference, or deviance, was then obtained across all sightings. A p-value for the test was obtained using Eq. (C-6) from Clauset et al. (2009) and took into account the expected variance for the deviance and the total number of sightings. A p-value < 0.05 indicated that the deviance was not likely due to chance alone and that we can trust that one model provided a better fit to the data than the alternative.
A goodness-of-fit test provides an estimate of the quality of the fit of a model to the data. Here, I examined the fit of the power law, which ranked first in most cases (see 'Results'), for each species and for each group type separately. To increase power, I pooled data across all censuses. I used the G-test for goodness-of-fit to evaluate fit in each case. The first step was to calculate the G-test statistic value for the observed data (Sokal & Rohlf 1995) . The G-test for goodness-of-fit compares the observed frequencies for all group sizes recorded to the predicted frequencies obtained from the power law. To generate the predicted frequencies of group sizes, the estimated parameter values from the maximum-likelihood procedure described above (but for all sightings) were plugged into the power law's probability density function (pdf) (Appendix 1). The pdf generates predicted probabilities of occurrence of groups of any size. These probabilities were multiplied by the total number of sightings to obtain predicted frequencies of groups of any size.
The second step was to obtain a p-value for the Gtest statistic value. I used a Monte Carlo approach as detailed in Clauset et al. (2009) . The basic approach is to generate 1000 G-test statistic values using synthetic distributions of group sizes and to determine whether the G-test statistic value for the observed data falls below the 95th percentile of the generated G-test statistic values (p > 0.05). When this occurs, the model provides a good fit to the data.
The procedure to generate synthetic group size data is illustrated for 1 species with n sightings. A total of n group size values was drawn randomly from a power law distribution with the fitted parameter for that species. This simulated distribution of group sizes was then compared to the predicted values generated using the power law distribution fitted to this particular simulated distribution. A G-test statistic value for this comparison was then calculated just as was the case for the empirical data. This procedure was repeated 1000 times to generate 1000 synthetic G-test statistic values.
For species where the power law fitted more poorly than alternative models, I also ran goodness-of-fit tests using the same procedure as above, but using the pdf of the alternative model. 
RESULTS
The dataset consisted of 38 winter survey cruises, with a median transect length of 238 km (range: 13 to 1732 km). Total number of sightings per species ranged from 288 to 1801, with a median of 974. Frequencies of group sizes generally decreased with group size for each species and for each type of group (Fig. 1) . Table 1 provides the fitted parameters for all models and their raw AIC values. In terms of AIC values, the power law ranked first or second for all species/group type combinations. The negative binomial model was ranked first for dovekies Alle alle and thickbilled murres Uria lomvia on the water. Raw AIC values for the exponential and Poisson models were often >100 units away from the top models and are unlikely candidates to fit the data.
The power law provided a statistically better fit than the negative binomial in 4 species/group type combinations and a fit that was no better in 7 other combinations ( Table 2) . The negative binomial model provided a statistically better fit than the power law in dovekies Alle alle and thick-billed murres Uria lomvia on the water.
For those species/group type combinations where the power law provided an equal or better fit than the negative binomial model, the G-test for goodness-of-fit indicated a good fit of the model to the data (Table 3 ). In the 5 cases where the power law did not fit the data well, the negative binomial model also failed to provide a good fit (Table 3 ). the percentage of groups that are at least as large as a given group size) of group sizes in 7 species of seabirds as a function of log 10 group size. Flying groups (s) are distinguished from groups on the water (j). See Table 1 Table 2 . Likelihood ratio tests between the power law and the negative binomial model for the distribution of group sizes for seabirds on the water (W) and flying (F) (see Table 1 for definition of species acronyms)
DISCUSSION
The results indicate that for most of the seabird species examined here the truncated power law ranked first among the models tested. Nevertheless, the negative binomial model and power law provided a statistically similar fit to the data in many species. The G-test for goodness-of-fit indicated that the fit of these models to empirical data was quite good in most species. The results stress the importance of comparing several models before concluding that a single, specific model fits the data.
It is difficult to compare the specific parameter values obtained for each model with other empirical data since few earlier studies tested more than one model and often did not use maximum likelihood to fit the data. Nevertheless, I note that the scaling exponent for the power law varied widely among seabird species, from 1.3 to 3.4, suggesting that a universal law is unlikely.
I now examine the consequences of fitting the power and negative binomial model to group size data. A fit to the power law suggests that individuals aggregate upon encounter, irrespective of group size, and leave groups at a fixed rate, also independently of group size. This is in sharp contrast to the assumption of group size-dependent departures in the negative binomial model. The negative binomial model further assumes that the probability of joining a group increases with group size. Since I could not discriminate between the power law and the negative binomial model in all species, more data are required to determine the effect of group size on arrivals to and departures from groups in seabird species. It is a sobering thought that with nearly 1000 sightings per species, it is still difficult to distinguish between aggregation models that assume strikingly different patterns for joining and leaving groups.
Aggregations in seabirds are common for foraging and resting (e.g. Hoffman et al. 1981 , Schneider & Duffy 1985 , Piatt 1990 . Nevertheless, the effect of group size on the probability of joining or leaving groups is not clear. In common mergansers Mergus merganser, individual birds were more likely to join larger groups, but the power law was not tested (Wood 1985) . The power law may not hold as well in strictly foraging groups, where competition for resources can occur (e.g. Lewis et al. 2001 , Davoren et al. 2003 and where frequency-dependent departures are more likely. Because the activity of the birds on the water could not be determined, it is not clear what role competition for resources played in deviation from power law behaviour.
The power law or negative binomial model poorly fitted the data in some species/group type combinations. One possible explanation is visibility. In rough seas, counts of seabirds may be less accurate, especially for smaller species or for those in small groups, which may be difficult to see at a distance. Therefore, the observed distribution of group sizes may be biased towards larger groups in such cases. It would be interesting to see if this bias can account for the fact that the power law was less supported in dovekies, the smallest species in the study set.
Another problem is that the G-test for goodness-offit was performed by pooling results from all surveys. While pooling increased sample size and potentially power, it may also reduce fit by aggregating data encompassing significant ecological variation. For instance, group size frequencies in each individual census may follow one law (particular parameter values for a particular model), but if mean group size varies from one census to another, the summed frequencies over many censuses may fit another law, thus masking the real dynamics of group formation (Caraco 1980 , Allen et al. 2001 ). This has been generally ignored in previous research. To minimize such problems when comparing the fit of different models, I restricted the analyses to a relatively stable part of the year in terms of population density and I used a random factor to account for differences among surveys in mean group size. Unfortunately, I could not use goodness-of-fit tests for each census, because the power of such testing is low when the sample size is small, as was the case for many censuses. Table 3 . G-test for goodness-of-fit for the distribution of group sizes for seabirds on the water (W) and flying (F) (see Table 1 for definition of species acronyms)
Perhaps one of the most interesting consequences of fitting a particular aggregation model to group size data is that changes in parameter values may be indicative of biologically relevant changes in group formation dynamics. These shifts have been related to density-dependent factors, such as food availability and competition (Bonabeau et al. 1999 , Sjoberg et al. 2000 , Lusseau et al. 2004 , Jovani et al. 2008 ). For instance, in stable populations of dolphins Tursiops truncatus, variation in food density was related to group size. The tendency to live in groups of different sizes when ecological conditions varied was detected using variation in the exponent of the power law (Lusseau et al. 2004) . Variation in the value of the power law exponent or in the value of the negative binomial parameters could also be used in wintering seabirds to examine responses to any factor, such as changes in food availability caused by climate change or fishing for instance, which can influence group size preferences.
Future research could extend both the range of species tested and the number of models fitted to the data to seek trends among species that can be related to ecological factors such as diet and body size. In the present study, I restricted the analysis to mathematical models with ecological underpinnings, but other longtailed models could also be tested. The finding that aggregation models apply to the distribution of group sizes offers the opportunity to examine the mechanisms or processes that give rise to the emergent outcome of aggregations in seabirds and possibly other animals. A better understanding of the mechanisms underlying aggregations will shed more light on the adaptive value of group living and on the factors influencing the tremendous variation in group sizes that exist in animals. 
